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ABSTRACT Raw counts from aerial surveys make no correction for undetected animals and provide no
estimate of precision with which to judge the utility of the counts. Sightability modeling and double-observer
(DO) modeling are 2 commonly used approaches to account for detection bias and to estimate precision in
aerial surveys. We developed a hybrid DO sightability model (model My,) that uses the strength of each
approach to overcome the weakness in the other, for aerial surveys of elk (Cervus elaphus). The hybrid
approach uses detection patterns of 2 independent observer pairs in a helicopter and telemetry-based
detections of collared elk groups. Candidate My models reflected hypotheses about effects of recorded
covariates and unmodeled heterogeneity on the separate front-seat observer pair and back-seat observer pair
detection probabilities. Group size and concealing vegetation cover strongly influenced detection
probabilities. The pilot’s previous experience participating in aerial surveys influenced detection by the
front pair of observers if the elk group was on the pilot’s side of the helicopter flight path. In 9 surveys in
Mount Rainier National Park, the raw number of elk counted was approximately 80-93% of the abundance
estimated by model M. Uncorrected ratios of bulls per 100 cows generally were low compared to estimates
adjusted for detection bias, but ratios of calves per 100 cows were comparable whether based on raw survey
counts or adjusted estimates. The hybrid method was an improvement over commonly used alternatives,
with improved precision compared to sightability modeling and reduced bias compared to DO modeling.
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Uncorrected counts of animals observed during aerial wildlife
surveys generally underestimate true abundance and misrep-
resent the composition of populations because of detection
bias—the failure to detect all individuals or groups of animals
present during a survey (Samuel and Pollock 1981,
McCorquodale 2001). Methods for estimating detection
bias in aerial surveys include sightability models (Steinhorst
and Samuel 1989), distance models (Burnham and Anderson
1984, Buckland et al. 2004), mark-resight models (White
1996, Skalski et al. 2005) including double-observer (DO)
models (Graham and Bell 1989), and methods that combine
2 or more such techniques (Quang and Becker 1997,
Buckland et al. 2010).
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Sightability models (model Mg) are commonly based on
logistic regression equations used to predict the probability
that aerial observers detect individuals or groups of animals as
functions of sighting covariates such as group size, the
amount of concealing vegetation near the group, and animal
movement at the time of detection (Samuel et al. 1987,
Unsworth et al. 1999, Gilbert and Moeller 2008, Mclntosh
et al. 2009). Model M has been used extensively to estimate
observation biases of aerial surveys for elk (Cervus elaphus;
Samuel et al. 1987, Anderson et al. 1998, McCorquodale
2001, Gilbert and Moeller 2008, Mclntosh et al. 2009),
moose (Alces alces; Anderson and Lindzey 1996, Giudice
et al. 2012), mountain sheep (Owvis dalli; Udevitz et al. 2006)
mountain goats (Oreamnos americanus; Rice et al. 2008), and
other species (Krueger et al. 2007, Manning and Garton
2011). Model My is fit to records of detection or non-
detection of known animal groups present during surveys
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that are identified using radio-telemetry or simultaneous
observation by independent crews. Sighting covariates are
recorded for groups that are detected by the aerial survey crew
during surveys and for known missed groups. Based on
the assumptions that the known monitored animals are
distributed at random through the population being sampled
and that covariates are recorded accurately, sightability trials
reflect the unconditional, unbiased effect of covariates on
detection probability (Steinhorst and Samuel 1989) at the
time of the sightability trials. Estimates of detection
probabilities permit the computation of group-specific
correction factors used to account for detection bias. Once
an M model has been developed, it is typically applied to
future surveys without further reliance on radio-marked
animals, which raises an important caveat: one must assume
that the conditions under which the model was developed
continue to characterize future surveys (Williams et al.
2002). Another disadvantage is that, because known marked
groups are typically a small subset of all available groups, Mg
models are usually calibrated by fitting to a relatively small
number of data points. In contrast, a method that quantifies
detection probability using all observations from ongoing
surveys would provide larger sample sizes and be more robust
to temporal changes that may affect how survey conditions
influence detection probability.

Simultaneous DO sampling also has been used extensively
to estimate detection biases for a wide variety of species when
marked or radio-collared animals are not available (Caughley
and Grice 1982, Graham and Bell 1989, Créte et al. 1991,
Pollock et al. 2006, Shirley et al. 2012). DO models
(model Mp) use observations recorded by >2 independently
searching observers to estimate the overall probability that
any given group of animals is detected by >1 of the observers.
Data from every observed group on every survey contribute to
estimating sighting probabilities and correcting for unseen
animals. This potentially large sample of observed animal
groups available for model M, helps to improve precision
and reduce variance of population estimates (Marsh and
Sinclair 1989, Potvin et al. 2004).

Early DO methods estimated abundance using simple
mark-resighting estimators (e.g., Lincoln-Petersen), which
may be biased by heterogeneity in visibility among groups of
animals (Pollock and Kendall 1987). The effect of
heterogeneity (Southwell et al. 2007) can be reduced by
developing models of sighting probability that account for
effects of recorded sighting covariates on detection proba-
bilities. DO data with individual covariates for each animal
group can be analyzed using a conditional likelihood
approach (Huggins 1989, 1991) with logistic regression
models of sighting probability (Walter and Hone 2003).
However, sightings of animal groups by each observer are
only conditionally independent because DO data sets are
limited to animals that were seen by >1 of the observers.
Even accounting for sighting covariates, unknown and
unmodeled sources of heterogeneity may cause some groups
with similar covariate values to be more likely to be seen by
both observers or to have been missed by both observers
because of some unknown and unmeasured effect (Southwell

et al. 2007, Barker 2008, Laake et al. 2011). As a result, a
disadvantage of using only DO analyses is that detection
probabilities may be biased high (Barker 2008), resulting in
abundance underestimation (Caughley and Grice 1982).
Bias can be reduced substantially using well-chosen
covariates, but it is impossible to know, measure, and correct
for all possible sources of sighting differences explicitly,
thereby leaving at least some residual unmodeled heteroge-
neity and resulting bias (heterogeneity bias). However, bias
caused by unmodeled heterogeneity can be quantified if one
has another source of independent observations of randomly
selected groups of animals.

To address the shortcomings of the Mg and Mp, models, we
developed a candidate set of hybrid DO sightability models
(M models) for model fitting and multi-model inference
(Burnham and Anderson 2002). These M models are
structured to include effects of specified covariates on the
unconditional probability that a given pair of observers in the
helicopter (front-seat pair or back-seat pair) detects a given
elk group. The M models include parameters that account
for sighting covariates and for the residual heterogeneity bias
that is not accounted for by the explicitly measured
covariates. The Mz models are fit to data from 2 sources:
1) double-observer sightability (DO-S) trials with 2
independent observers and >1 radio-marked animals in
the group; and 2) DO observations of elk groups with no
radio-marked animals in the group. The DO-S trials provide
independent data used to estimate the implicit residual
heterogeneity bias that would not be quantifiable from DO
observations alone.

We demonstrate an application of My models with elk
surveys in high-elevation summer ranges in Mount Rainier
National Park, Washington, USA. We parameterized
candidate suites of Mz models, standard Mg models, and
Mp models with sighting covariates. We compared estimates
of group-specific detection probabilities from My models
and Mp models to assess the level of bias resulting from
unmodeled heterogeneity in DO methods. We also
compared survey results obtained from My, Mg, and Mp
modeling approaches. We hypothesized that the Mp
approach would overestimate detection probabilities and,
consequently, underestimate abundance relative to the My
and Mg approaches. We also predicted that estimates from
model Mz;would be more precise than those from model M
because of the larger data set available to parameterize the
M; models.

STUDY AREA

The study area within Mount Rainier National Park (NP)
was defined by summer ranges of 2 elk herds that migrate
annually to the northeast and southeast slopes of Mount
Rainier in Washington’s Cascades Range (Fig. 1). The
North Rainier herd survey area (103 km?) was bounded by
elevations below 2,100 m and above 1,500 m, whereas the
South Rainier herd survey area (89 km?) was bounded by
elevations below 2,100 m and above 1,350 m except on some
southwest-facing slopes where past landslides and wildfires
maintained open parklands down to 1,200 m. We referred to
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Figure 1. Elk survey areas within Mount Rainier National Park, Washington, USA, 2008-2010.

satellite-derived estimates of vegetation cover and type
(Pacific Meridian Resources 1996) and excluded areas of
continuously dense forest canopy cover, rock, or permanent
snow. Because the study area did not encompass a
geographically closed elk population, our scope of inference
is limited to estimating abundance of elk using subalpine
parklands during summer. Trends in the number of elk using
these areas, and their sex and age composition, are of interest
to National Park Service (NPS), state, and tribal wildlife
managers because of past NPS concerns about overabun-
dance of elk on summer ranges in the park and the utility of
these indices for managing harvests of elk outside the park
to meet multiple agency or tribal wildlife management
objectives. The study area encompassed subalpine parklands
of the upper mountain hemlock (Tsuga mertensiana) forest
zone consisting of mosaics of forest patches, tree clumps,
and subalpine meadows (Franklin et al. 1988). The tallest
trees in the subalpine parklands were <20m. Canopy
closure was highly variable, but tended not to be dense near
treeline.

METHODS

Aerial Surveys

We surveyed elk in each survey area by helicopter (Bell
206BI1I, Bell Helicopter, Hurst, TX or Hughes 500D, MD
Helicopters, Inc., Mesa, AZ) between 15 August and
15 September 2008-2010. Surveys began as early as 4 hours

before local sunset and ended as late as 30 minutes after
sunset. Helicopter flights were approximately 100-150 m
above ground level with flight lines approximately 250-
500 m apart. Flight speed was approximately 85 km/hr with a
search intensity of roughly 2.8 min/km?. Typically, we
surveyed a single survey area using 2 helicopters and survey
crews. We divided each survey area into subunits to improve
survey logistics, communications, and safety. We conducted
1-2 complete surveys of each survey area in each year for a
total of 9 surveys. To increase the number of DO-S trials
used for model development, we conducted additional survey
flights in subjectively chosen subunits that were likely to
contain radio-marked elk. For these additional flights, the
survey crews did not know which subunits would contain
collared elk.

A pilot and 3 experienced observers conducted surveys. The
pilot and front-seat observer had views to the front, sides,
and below the flight path. Each back-seat observer had a view
to 1 side of the flight path. Although pilots’ attention was
primarily on flying safely, pilots also detected elk groups. In-
flight procedures required each observer to search indepen-
dently for elk groups in the survey area, but to collaborate in
determining group size, composition, and covariates of
detected groups after each flight member had an opportunity
to detect a given elk group (e.g., Ransom 2012). We noted
the rare occasions when either observer pair was inadver-
tently alerted about the presence of an elk group by the
other before having a chance to record an observation
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independently, so we omitted those non-independent
observations from the data set used for model fitting. We
recorded the following covariates associated with each group:
group size and composition, percent concealing vegetation
<10m from the group (¥; within 5 classes: 0, 1-25, 2650,
51-75, or 76-100%), whether the group was standing on
herbaceous vegetation (H; yes or no), whether the group was
in forest vegetation (F} yes or no), lighting conditions (Z; flat
or high contrast), and the activity of the group when first
detected (M; moving or not). We noted whether each elk
group was detected to the left, right, or both sides of the
helicopter’s flight path. We noted when an elk group was
directly below the helicopter’s flight path and not visible to
the back-seat observers (C; centerline yes or no). A separate
covariate denoted whether the elk group was on the same
side of the helicopter’s flightline as an inexperienced pilot-
observer (P; yes if group on same side as a pilot-observer with
little experience conducting aerial wildlife surveys, no if pilot
was experienced in conducting aerial wildlife surveys or elk
group was on other side). We photographed groups with
>20 individuals to reduce bias in group size estimation
(Cogan and Diefenbach 1998, Schoenecker et al. 2006).
After the flight, we inspected multiple photographs from
each large group and updated the group size and composition
as needed.

A sample of female elk from both the North and South
Rainier herds was radio-collared prior to the surveys as part
of companion studies (D. Vales, Muckleshoot Indian Tribe,
unpublished data; Moeller 2010). In 2008, 2009, and 2010,
the surveyed areas contained 20, 29, and 22 collared elk,
respectively. Because we had not collared male elk for use in
model development, application of the resulting models to
both male and female elk is based on an assumption that
there was no interaction between sex and the effects of
sighting covariates on detection probability. Although
we assume identical parameters for estimating sighting
probability of male and female elk, groups that are primarily
male and groups that are primarily female tend to have
different observed values for sighting covariates such
as group size, and percent concealing vegetation
(McCorquodale 2001). In other words, the models are the
same for all groups but the inputs typically differ, so the
models predict different sighting probabilities. For every
elk group detected in visual surveys, 1 observer in the
helicopter used a radio-telemetry receiver to determine
whether any radio-collared elk were present in the group and
recorded their identity. After completing a survey within a
subunit or small group of subunits, we used radio-telemetry
to identify and locate any radio-collared elk that were missed
during the surveys and we recorded covariates for those
missed groups.

If either the pilot or the front-seat observer detected an elk
group, we recorded the group as seen by the front observer
pair. If either of the back-seat observers detected an elk
group, we recorded it as seen by the back observer pair.
If a radio-collared animal was located in the elk group
using radio-telemetry, we recorded it as detected by radio
(hereafter referred to as the radio observer).

Model Development

Variable treatments.—Before model fitting, we transformed

covariates. We converted group size to the natural log of
group size, In(n), and ¥ to the decimal midpoint of the
recorded range. We converted H, F, L, M, C, and P to
indicator variables with values of 1 or 0. We imputed missing
covariate values for groups containing collared elk that we
missed during surveys and for which we could not determine
covariate values in the field. This was necessary because we
could not always determine group sizes or group activity
beneath dense tree cover. For 9 DO-S trials with missing
data for group size and activity, we substituted the median
group size computed from all groups that contained >1 cow
and were detected in the same category of percent concealing
vegetation. For 1 DO-S trial with no percent concealing
vegetation recorded, we used the median group size and
vegetation cover score based on all observed groups with >1
cow. For the missing activity records, we used the modal
activity based on all groups with >1 cow. We used audio
recordings of the cockpit conversation and global positioning
system (GPS) records of the survey flight path to determine
on which side of the helicopter an elk group was located
when that information was not recorded on paper in flight.
For DO-S trials, we used GPS and a geographic information
system (GIS) to determine on which side of the helicopter’s
flight path elk groups were located when the elk group’s
location relative to the helicopter’s flight line was not
recorded. For 3 DO-S trials for which we could not
determine side-of-helicopter from the recorded by crew
members on both the right and left sides of the helicopter.
Because the number of DO observations was much larger
than the number of DO-S trials, we did not impute covariate
values, and omitted from model creation any DO
observations for which we had a missing value for any
sighting covariate or the record of the side of the helicopter’s
flight path on which the elk group was located.
. We defined sighting probabilitie's,' ])g_’ b thir'e g
indicates the group type (U= unconditional, C = condition-
al) explained below, 4 is the observer (= front, B=back, or
R =radio), s indexes the elk group (1, 2, ..., n, where 7 is the
number of groups detected), and (%) is the model structure
where 7 indicates the model type (H for My models, § for
Mg models, and D for Mp models), and # indexes the
hypothesized alternative model parameterization of each
type (k=1, 2, ..., M where M is the number of model
parameterizations for that model type).

Hybrid double-observer sightability models—We compiled
detection histories for all observed elk groups, denoting
whether front-seat, back-seat, or radio-telemetry observers
detected each elk group in the data set. Each elk group
belonged to 1 of 2 categories:

1. Groups available for detection by all 3 observers (front,
back, and radio); these DO-S trials contained >1 radio-
collared elk. Animal groups in this category were always
detected by telemetry so long as they were in the surveyed
area. A group’s unconditional probability of detection
should not depend on whether it includes a radio-collared
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animal. The estimated detection probabilities pU b H ()
are unconditional (indexed by g= U) because marked e(lk
groups are all detected by telemetry, and their inclusion
in the data set is not contingent on any circumstance
other than that the group was present in the surveyed area;
these are presumed to be a random sample of all elk
groups.

2. Groups available for detection by only the front and back
observers; these DO observations contained no radio-
collared elk. Animal groups in this category were in
the data set only if they were in the surveyed area and were
detected by either the front- or back-seat observers. The
estirrlated eonditional detection probabilities ﬁC, 57 H(B)
are likely to be biased because the unmarked elk are in the
data set, conditional on being seen by at least 1 observer
pair. We refer to these groups as conditional and index
them with g= C in our notation.

The inherent difference between p,, B H () and Pesjnw i
the result of unmodeled heterogeneity that 1s not adequately
explained by other model covariates. This is the degree of
heterogeneity bias that would result from using DO trials
only. We quantified this degree of bias by including an
additive heterogeneity bias parameter in the model structures
in the functions for estimating pU FHR and pU BH(E
These are the estimated probabilities for an aerial observer
seeing a radio collared group, which is, on average, less likely
than seeing a group seen by the other aerial observer; thus,
the heterogeneity parameter is a negative coefficient that
accounts for the difference in detection probabilities related
to conditional (nonrandom) DO sampling only versus
the unconditional (random) sampling of radio-marked
groups.

Because the data represent 2 categories of elk groups and 3
observers, any candidate My model has 6 detection
probabilities (Table 1). The radio-telemetry observer has
perfect detection of unconditional groups (p,, RAH(E = =1)
and no chance of detecting conditional groups
(Perjnw = 0). The 4 remaining sighting probabilities
are estimated for category &, observer 4, elk group 7, according
to model structure % by the logistic function (Huggins 1989,
1991):

e(ziﬁk.i‘Dg#H(ﬁ)-f'xfﬁ)
1 + g(ziBL,'Dg.}th[k).i'xj.i) (1)
for{g: U,C};{h:F,BYy;{j:1,2,... .0} {£:1,2,... ,m}

f’g,w,w) =

where B 1.; is afitted coefficient for model 4, where 1 =1, 2,.
? indexes the list of all p candidate coefficients in all models

Dy 4 is an indicator for model % specific to elk groups in
category g, observer 4. The value is set to 1 if parameter 7 is
included in model %, and 0 otherwise. x; ; is the observed value
of sighting covariate 7 for elk group ;.

We parameterized the models so that B coefficients
(Table 2) corresponding to the effects of sighting covariates
on front- and back-seat detection probabilities applied to
both elk group categories (i.e., with and without collared elk;
Table 1). Thus, we estimated sightability coefficients for
front- and back-seat observer pairs based on sightability data
from all elk groups irrespective of whether or not collared elk
were present. The heterogeneity bias parameters, though,
could only be estimated with reference to detection patterns
of elk groups with >1 radio-collar. We structured models
that contained separate estimates of intercept parameters for
front- and back-seat observers as well as models that
contained a common intercept for front- and back-seat
observer pairs. Similarly, we structured some models with
separate heterogeneity bias parameters for front- and back-
seat observers, and other models with a single heterogeneity
parameter for both pairs of observers combined (Table 3).

After having estimated all parameters for each model,
we accounted for heterogeneity bias and computed the
unconditional detection probabilities, pU b H(ED expected
under each model, H(%), for all observed groups, including
groups with no radio-collars. For each candidate model, £, we
computed the expected unconditional overall probability that
>1 observer would detect any j given group, p,, S H(E (dot
notation for the position index indicates overall s1ght1ng
probability for all observers) as 1 minus the expected
probability that it was missed by all observers:
=1-(1 = Purjnw) U= Pug;nw) (2)

?U,.J‘,H(k) - PUer,k) : (1

Groups with >1 radio collared elk had a fixed probability of
PurjH® =1, so therer SHE = =1.

We structured 22 cand1date My models reflecting a priori
expectations of covariate effects on detection probability as
well as different model structures. All candidate M;; models
were structured to solve for the 6 detection probabilities
(Table 1), but they varied according to which sighting
covariates were included, whether intercepts were estimated
for front- and back-observers separately or together, and
whether heterogeneity bias parameters were estimated for
front and back observers separately or together (Tables 2 and
3). We did not consider any My model without the
heterogeneity bias parameter because we found little support
for any such models (difference in corrected Akaike’s
Information Criterion [AAIC,]>22). In addition, we

decided a priori, based on prior experience, to include group

Table 1. Modeled probabilities of detecting elk group 7, within category g (rows), and for observer 4 (columns), in helicopter surveys of elk in Mount Rainier

National Park, Washington, USA, 2008-2010.

Observer, A
Elk group category, g R (Radio-telemetry) F (Front pair) B (Back pair)
g=U. Radio-collar(s) in group (unconditional) PurjH® = 1.0 PurH® PusiE®
g= C. No radio-collar in group (conditional) Perjaw = PerjH® PepjH®E
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Table 2. Model components potentially included in model structures for detection probabilities of elk groups in aerial surveys in Mount Rainier National
Park, Washington, USA, 2008-2010.

Model parameter Description of model parameter
Br=p Common int(?rcept for front- and b.ack—observer detec.tion probabilities Py jmt and Pesjmp”
B Bz Independent intercepts for front-pair (F) and back-pair (B) observer detection probablﬁtles.
Bp Common parameter for heterogeneity detection‘bias effect on ~detection probabilities‘ PoriH® and Pesjmy;
Bp-r Bp-p Independent parameters for separate heterogeneity detection bias effects for front-pair (F‘)/ and back-pair (BS observers.
Binr) Parameter for the effect of the natural logarithm of elk group size on detection probabilities p_,. - and p p. .
. . . : e & m(k) g:Bj.m(k)
Bp Parameter for the effect of inexperienced pilots on detection probabilities for front observer, Pe.rjmzy When the elk group was
on the same side of the helicopter as the pilot.
Be Parameter for the effect of the elk group being directly under the helicopter flight path’s centerline on back observer
probabilities, p. 5. 1.
Br Parameter for the eé‘fc)ect of the percent concealing vegetation on detection probabilities p ... . andp 5. ..
A . . g.F 7 m(k) g:Boj,m(k)
Bz Parameter for the effect of flat lighting level on detection probabilities Py Fjm(t) and Penimp:
Bas Parameter for the effect of moving animal activity on detection probabihﬁes PoFjmp) an PeBjmn):
By Parameter for the effect of predominantly herbaceous vegetation on detection probabilities pé_ Fm(d) and Penjmpy
Br Parameter for the effect of predominantly forest vegetation on detection probabilities p, . ;) and p, 5 -

Table 3. Candidate models for detection probabilities in elk aerial surveys in Mount Rainier National Park, Washington, USA, 2008-2010. We show the
model number and description, number of parameters (K), difference in corrected Akaike’s Information Criterion (AAIC,), and Akaike weight ({um( ,z)), for
model type m, parameterization variant (£) for the 22 hybrid double-observer sightability (M) candidate models fit to 570 observations, 6 candidate
sightability models (M) fit to 97 sightability trials, and 5 candidate double-observer models (Mp) fit to 570 observations. We ranked models from high to
low, by AAIC. We made multi-model inferences using models with AAIC, < 4.0. Parameters included in each model are indicated by an X in the
corresponding column. Parameters that are not applicable to the given model type are indicated by —. Parameters that were not considered for a particular
model type because they received minimal support in the My analysis are indicated with an *.

Parameter
Model name Brz Br Bs Bo Bo-r» Bp-r Bln(n) Br Be Br Bz Bas Br Bz K AAIC, ivm(k)
M;; models
H®1) X X X X X X X 7 0.00 0.149
H(2) X X X X X X 6 0.72 0.104
H®3) X X X X X X X 7 0.82 0.099
H(4) X X X X X X X 9 0.99 0.091
H(5) X X X X X X X 8 1.19 0.082
H(6) X X X X X X 8 1.70 0.064
H(7) X X X X X X X 7 1.72 0.063
H(8) X X X X X X X 9 1.77 0.061
H(9) X X X X X X 7 1.91 0.057
H(10) X X X X X X X 8 2.02 0.054
H(11) X X X X X X X 9 2.70 0.039
H(12) X X X X X X X 7 2.72 0.038
H(13) X X X X X X X 8 2.92 0.035
H(14) X X X X X X X 9 3.71 0.023
H(15) X X X X X X X 8 3.91 0.021
H(16) X X X X X X 6 4.81 0.013
H(®17) X X X X X X 6 8.21 0.002
H(18) X X X X X X 6 9.66 0.001
H(19) X X X X X 5 9.91 0.001
H(20) X X X X X X 6 10.33 0.001
H(21) X X X X X 7 10.65 0.001
H(22) X X X X X 6 10.87 0.001
Mg models
S(1) X — — — X — X X 4 0.00 0.30
S(2) X — — — X — X 3 0.25 0.26
S(3) X — — — X — X X 4 1.47 0.14
S(4) X — — — X — X X 4 213 0.10
S(5) X — — — X X — X 4 2.18 0.10
S(6) X — — — X — X X 4 2.34 0.09
Mp models
D(1) X * — — X X X X 5 0.00 0.28
D(Q) X * — — X X X X X 6 0.21 0.25
D(3) X * — — X X X X X 6 0.44 0.22
D) X * — — X X X X X 6 1.17 0.15
D(5) X * — — X X X X X 6 2.01 0.10
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size, In(n), pilot-observer experience influence on detection
probabilities of front-seat observers, P, and position of elk
groups directly under the center of the helicopter flight path
influence on back-seat observer detection probabilities, C,
in all My models. To avoid overfitting, we limited model
structures to include <2 additional sighting covariates from
among the remaining candidates.

Sightability models—For comparison with the My
model, we developed sightability models (M) fit to data
from groups containing radio-collared elk (Steinhorst
and Samuel 1989). These use the same logistic structure
as My models (Equation 1). Because Mg models are based
on the collective observations of the aerial survey crew,
we did not include information about the DO pattern
(i.e., front and rear) of independent detections in Mg
model development. The Mg models had no heterogeneity
bias parameter because all data are from the unconditional
(radio collared) groups. Thus, of the 6 sighting probabilities
(Table 1), only 2 are applicable here: j)Uﬁ 158 where 5 was
either R for radio observer or A for the pooled aerial
observers, and only 1 of these is estimated because
?U,RJ,S(/e) =1.0. We fit 6 Huggins (1989, 1991) models in
Program MARK (White and Burnham 1999), fixing the
probability for telemetry observer equal to 1. The candidate
M models all included an intercept, effects of In(z) and 7,
and at most 1 other covariate that was highly supported in the
My models (F, H, L, M, and P; see Results) because of
limited sample size.

Double-observer models.—We parameterized 5 Huggins
(1989, 1991) DO models (Mp) with individual covariates fit
to our DO observation data in Program MARK (White and
Burnham 1999). The basic structure of these also follows
Equation (1). Because our intent was to compare Mp model
performance to that of the My model, we did not include any
detections based on radio-telemetry. Mp models included an
intercept, In(n), C, ¥, and P plus up to 1 more of the most
highly supported covariates from the M;; models considered
(F, H, L, and M, see Results). My models included no
heterogeneity parameter because all observations were
conditional. Thus, only 2 sighting probabilities were
applicable: ;30, 27D where 5 was either F for front or B
for the back aerial observers and both of these were estimated
from the data.

Probability of Detection
To assess heterogeneity bias effects in the My model across
a range of sighting covariate, «;;, values, we computed
estimated unconditional overall detection probability with-
out the known radio collars (indicated by * superscript):
ﬁUﬁ.J“H(/c) =1-(1 _?U,FJ:H(&)) (1 _?U,B,',H(k))' 3)
These differ from those computed in Equation (2),
which set the detection probability to 1 for any group
with a radio collar. These probabilities represent our
estimate of the unbiased (unconditional) probability that
aerial observers alone would detect groups with the given
covariate values. We computed conditional probabilities,

Pc.j. 71z similarly. We then compared the model-averaged
values:

?C,.,;H(.) = Zk@H(k)i’C,JZH(,é) (4)
?ZJ‘.‘]—,H(.) = Zkﬁ’H(k)?;],J:H(@ (5)

where @H(é) is the AIC, weighting factor for model My,
variant 4 (Burnham and Anderson 2002). The notation H{(.)
indicates that the values are averaged across the M, models.
For any given «;,, the heterogeneity bias was the difference
between p¢ s () and py._j b - '
We also assessed mO(fel performance by comparing
probabilities of detection estimated from the models Mg,
Mg, and Mp. For a range of x;; values, we compared the
model-averaged overall unconditional detection probability,
Pu.jm from model My, to the expectation of p, ; 1y ) from
mocfel Mp and to ﬁU“,;',S(.) from model M.

Population Abundance and Composition

My model estimates.—We estimated the number of animals
in the survey area that had no radio-collars in the group and
were not seen during the survey by weighting the counts
of elk within observed groups by the inverse of the
unconditional detection probabilities estimated for each
observed group from sighting covariates. For each of the 4
My models, we computefi* specific correction factors, éj H(kp
for eajch group, 7, as 1/ Pu.jaw: The apph'catm'n of such
Horvitz-Thompson correction factors for estimating detec-
tion biases in aerial surveys is well established (Steinhorst
and Samuel 1989, Borchers et al. 1998). Group-specific
correction factors derived from ;A)U JH(p €an be thought of
as the per-observed-elk contribution to the overall estimate
of abundance. We computed a model-averaged estimate of
abundance:

N =3 i Ouu @y (6)

In Equation (6), 7, is the recorded number of elk observed
in group 7. We did not apply a correction factor to elk groups
with missing covariate values. We added elk in such groups
without correction to the model-based estimate.

For each survey, we estimated composition of the herds
from the total estimated numbers of cows, calves, and bulls,
by multiplying the observed numbers of cows, calves, and
bulls in each group, j, by the group-specific correction factor:

Ne= 0> mic 6 - (7)
Here, N is the estimated total number of elk in age-sex
class ¢ (c= cow, calf, or bull) and 7, is the number of elk of
age-sex class ¢ seen in group 7. We converted the estimated
numbers of cows, calves, and bulls in the 9 surveys to ratios of
bulls per 100 cows and calves per 100 cows, and then
compared those ratios to values from uncorrected counts.
We estimated variance of abundance estimates from M,
using a data bootstrapping method (Wong 1996; see sup-

plemental material, available online at www.onlinelibrary.
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wiley.com) to account for variance due to 1) random
detection of animal groups within surveyed areas, 2) variation
in sightability model estimation (Steinhorst and Samuel
1989, Fieberg and Giudice 2008), and 3) model selection
uncertainty. This variance estimation procedure has the
added advantage of not depending on an assumption that
group sizes are normally distributed. Because we searched
survey areas entirely, we did not introduce variation due to
sampling of survey subunits.

Sightability models and double-observer models.—For model
My, we fit 6 Huggins (1989, 1991) models in Program
MARK (White and Burnham 1999), fixing the probability
for the telemetry observer equal to 1. Because of smaller
sample size, our Mg models only considered the most highly
supported covariates out of those in the Ay models
considered (see Results); each model structure had effects
of In(#) and V7, and at most 1 other covariate. We used the
SightabilityModel package (Fieberg 2012) in the R statistical
software (R Development Core Team 2010) to estimate
sightability-based abundance and variance of abundance for
each survey and each model, and then used sightability model
weights to find model-averaged sightability-based estimates
of abundance, Vg, and variance of N . Because we applied
sightability models to survey data as is typically done after
sightability model development, we did not include counts of
elk groups with radio collars that were missed during survey
in sightability-based abundance estimates. For a range of «;;
values, we compared group-specific detection probabilities
from the model-averaged Mg models, IZJU.,.,;',S(.)’ to f)*UVJ.,H(A)
from the My model. We also compared model-averaged
population estimates and coefficients of variation from the
M model to the Mz model.

We parameterized 5 Huggins (1989, 1991) DO models
with individual covariates (Mp models) fit to our DO
observation data in Program MARK (White and Burnham
1999). We estimated model-averaged abundance, Np, for
each survey. We estimated the variance of N p foreach survey
using the delta method (Seber 1982) applied to variance in
the expected number of undetected groups in each survey and
variance in the average expected group size of undetected
groups. We compared estimated population estimates and
coefficients of variation from the Mp model to the My
model.

RESULTS

We recorded 510 usable DO observations and 97 DO-S
trials. We also recorded but did not use 38 DO observations
because of incomplete sighting covariates or lack of
independence due to 1 set of observers alerting the other
of their observations. We assumed the deleted points were a
random subset of all data, as we found no pattern in omitted
points that would have introduced bias.

Model Fitting and Selection

Of 22 My models considered, we found good support
(AAIC, < 4.0) for 15 models (Table 3; see Supplemental
Table S1, available online at www.onlinelibrary.wiley.com)
and used these for multi-model inference (model averaging).

In addition to the variables included in all models a priori
(i-e., In(n), P, and C), we found strong support for including
vegetation cover (¥) in the model. No model without V" was
included among the 15 most strongly supported models. The
influence of lighting (L), animal movement (M), herbaceous
vegetation (), and forest vegetation (F) were also included
in some supported models, but we found less support for
those covariates than for 7 based on evidence ratios (ER).
ERs computed as the ratio AIC, weights, w,, of the most
supported model with an effect to the nested model without
that effect, ranged from 88.1 for the effect of V (i.e., the
evidence for inclusion of /" was 88 times stronger than the
evidence for excluding it), 1.4 for L, to <1.0 for F (0.37), H
(0.5), and M (0.95). We found little support for separate
sighting probabilities for front- and back-seat observers
(Table 3; Supplemental Table S1; ER = 0.55) and only weak
support for differences in the residual heterogeneity
parameter between front- and back-seat observers (Table
3; Supplemental Table S1; ER=1.1). Model averaging
among the top 15 models reduced the already minor
estimated differences in detection probabilities and biases
between front- and back-seat observers.

Group size had a strong influence on detection probabili-
ties, particularly for small groups (Fig. 2). Greater degrees of
concealing vegetation cover were associated with lower
detection probabilities (Fig. 3). Having an inexperienced
pilot-observer reduced ﬁU"F‘j?H(') by 0.15-0.17 if the elk
group was on the pilot’s side of the helicopter flight path. For
elk groups along the flight path centerline, the back-seat
observers’ detection probability, ]A)U,B,/,H(A)’ was nearly zero,
which substantially reduced overall sighting probability,
ﬁ/’_%[_](‘), for those groups.
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Figure 2. Expected model-averaged elk group detection probabilities for
aerial elk surveys in Mount Rainier National Park, Washington, USA,
2008-2010. We show predicted detection probabilities as a function of
group size (x-axis). We present the unconditional detection probability for
elk group ; from the My model (solid black line, p, ., ), and the biased
estimate of detection probability from the My model (gray line; e H(.))'
Estimates of the biased probabilities do not include the corrective ffect of
the heterogeneity bias parameter. We also show the model-averaged
detection probabilities from model M, (dotted line, ?C..j‘ D(_)) and model Mg
(dashed line, p;; . ¢ ). We show results for flights with an experienced pilot,
L U.g.80)7" . .

under flat lighting conditions, for a stationary elk group in forested substrate
of 26-50% concealing vegetation cover.
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Figure 3. Expected model-averaged unconditional detection probabilities,
j)b‘_J._H(_), as a function of group size (x-axis) and 5 values of percentage
concealing vegetation (curves), from a model M}, for elk aerial surveys in
Mount Rainier National Park, Washington, USA, 2008-2010. We show
calculations for flights with an experienced pilot, under flat lighting
conditions, for a stationary elk group in forested cover. We used the
midpoint of the recorded ranges (0%, 13%, 38%, 63%, and 88%) as the
percent concealing vegetation values.

All 6 of the candidate Mg models considered had good
support (AAIC, < 4.0) and were used in model averaging
(Table 3; Supplemental Table S1). Of the 5 optional
covariates considered, lighting, L, had the most support in
the Mg models (ER =1.2). Similarly, all 5 candidate Mp
models received sufficient support to be used in multi-model
inferences (Table 3; Supplemental Table S1). Of the 4
optional covariates considered in the Mp models, movement,
M, had the most support (ER=0.9).

Probability of Detection

Detection probabilities derived from the model-averaged
Mpr;model, 12’*U‘.J, (), were consistently lower than the biased
probability that did not include the heterogeneity parameter,
éc,‘/,H(,) (Fig. 2). The difference between ?*U-,-J,H() and
Pc, ;1) Which represented the magnitude of heterogeneity

bias estimated from My models, averaged approximately
5-10% across groups.

Overall expected detection probabilities from model Mp,
ﬁc.,,;l,D(.)’ were comparable to estimates from the My model
before correcting for bias, ﬁC,nj, HO) Expected detection
probabilities from the sightability model, ﬁU :5() were close
to unbiased estimates, j)U H() from modef My for group
size >10 elk, but lower for smaller groups (Fig. 2).

Population Abundance and Composition

Model Mp, led to estimates of abundance averaging 4.2%
lower than M}, (2-tailed paired #test, df =8, P=0.005) and
nearly identical precision (2-tailed paired #test, df=38,
P=10.47; Table 4). Model M produced abundance estimates
that were, on average, 4.1% greater than those from Model
M (2-tailed paired #test, df =8, P=0.099) but with much
lower precision than estimates from Model M (2-tailed
paired s-test, df =8, P=0.024).

Application of the model My, increased estimated ratios of
bulls per 100 cows, compared to ratios from uncorrected
counts (Table 5; mean increase =5.0, SE =1.2; 2-tailed
paired #-test, df =8, P=0.003). Estimated ratios of calves
per 100 cows were nearly equal to ratios from uncorrected
counts (Table 5; mean difference = 0.05, SE = 0.40; 2-tailed
paired #-test, df =8, P=0.89).

DISCUSSION

In comparing uncorrected counts to abundance estimates
from model My, the survey crews detected 80-93% of elk
present in Mount Rainier National Park subalpine parklands.
Elk sightability during helicopter surveys was determined
primarily by group size, the amount of concealing vegetation
cover, and, to a lesser extent, animal movement and light
level; all are factors that have been identified previously in
sightability models of detection bias in elk aerial surveys (e.g.,
Samuel et al. 1987, Anderson et al. 1998, Gilbert and
Moeller 2008, Mclntosh et al. 2009). Model M;; also
allowed us to quantify the negative effect of inexperienced

Table 4. Uncorrected counts and estimated abundance values for elk surveys within North Rainier (north) and South Rainier (south) trend count areas,
Mount Rainier National Park, Washington, USA, 2008-2010. Estimates of abundance (V) and standard errors (SE) reflect application of 3 modeling
approaches: hybrid double-observer sightability (model M), sightability (model M), and double-observer (model Mp). Coefficients of variation (CV) are

the standard errors divided by the point estimate of abundance.

Model M, Model My Model Mp Comparisons
Estimates Cv
Survey area, Raw CVy CVg CVp X i No-Nu CVe_CV Vo CVa
survey date count Ny SE; (%) Ns SEg (%) Np SEp (%) w5, (0 o =) == (%) =gp= (06)
North, 22-26 Aug 2008 214 261.8 18.0 6.9 279.4 342 122 2461 209 8.5 6.7 —6.0 78.0 23.5
North, 3-6 Sep 2008 240 2942 29.3 10.0 318.1 38.2 12.0 276.8 23.5 8.5 8.1 -59 20.6 —14.8
South, 10-11 Sep 2008 314 3913 30.5 7.8 405.8 429 10.6 3564 263 7.4 3.7 —-8.9 35.6 -5.3
North, 17 Aug 2009 363 4244 214 50 460.6 45 9.8 425 36.1 8.5 8.5 0.1 93.8 68.5
South, 18 Aug 2009 397 491.1 625 12.7 480.8 442 9.2 4751 384 8.1 —-2.1 -33 —27.8 —36.5
South, 2 Sep 2009 220 268.5 254 95 3069 51 16.6 250.7 209 8.3 14.3 —6.6 75.7 -11.9
North, 17 Aug 2010 288 310.6 12.8 4.1 3175 242 7.6 3113 155 5.0 2.2 0.2 85.0 20.8
South, 18 Aug 2010 615 707.1 493 7.0 7151 52.7 7.4 6709 368 55 1.1 -5.1 5.7 —21.3
North, 25 Aug 2010 375 4102 266 6.5 3873 375 9.7 399 176 44 -5.6 2.7 49.3 —-32.0
Mean 4.1 —4.2 46.2 -1.0
SE 2.0 1.0 13.7 11.1
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Table 5. Estimated corrected and uncorrected composition of elk within the North Rainier (north) or South Rainier (south) survey areas, Mount Rainier
National Park, Washington, USA, 2008-2010. Estimates of composition reflect application of group-specific correction factors that result from the hybrid
double-observer sightability model, whereas uncorrected values only reflect the tally of observed cows, calves, and bulls.

Survey area, survey date Uncorrected calves: 100 cows Estimated calves: 100 cows Uncorrected bulls: 100 cows Estimated bulls: 100 cows

North, 22-26 Aug 2008 49.6
North, 3—-6 Sep 2008 44.4
South, 10-11 Sep 2008 33.7
North, 17 Aug 2009 37.9
South, 18 Aug 2009 34.7
South, 2 Sep 2009 32.4
North, 17 Aug 2010 33.3
South, 18 Aug 2010 31.7
North, 25 Aug 2010 48.7

47.1
45.6
341
371
34.0
325
33.6
31.7
50.2

32.8 34.4
42.1 45.2
34.8 36.1
21.5 315
30.1 32.6
223 27.9
42.0 53.2
29.4 33.4
40.5 46.6

pilot-observers on the front-seat observer pair’s detection
probability, and the negative effect of elk presence along the
flightline center on detection probabilities of back-seat
observers.

Model My allowed for the explicit estimation of
heterogeneity biases. These are undercounting biases that
result from co-dependencies in sighting probabilities by
front- and back-seat observers, particularly the tendencies of
front- and back-seat observers to both miss or to both see the
same groups because of the characteristics of those groups. A
simplistic DO model with no covariates would be biased
because of such heterogeneity. In DO models, adding
covariates may reduce heterogeneity in detection probabili-
ties, but still requires the assumption that all groups with
identical covariates have identical sighting probability.
However, including all covariates that affect sighting
probability is not possible. Nor can we know what factors
not included in the candidate models might have been
influential. For example, groups at a greater distance from
observers are almost certainly less visible, but distance is
difficult to measure accurately in steep terrain and we did not
record it during our surveys. Model M} adds an additional
bias correction to capture the average effect of all of the
residual factors that we did not explicitly measure and include
in the model.

Model My, used data from missed, radio-collared animals
to quantify the otherwise unmodeled component of
heterogeneity bias. The estimation of heterogeneity bias in
model My, reduced detection probabilities in comparison to
model Mp. Model Mp, overestimated detection probabilities
and underestimated abundance relative to model M by
42% in the relatively open subalpine environments of
Washington’s Cascades Range. This relatively small residual
bias indicates that our selected covariates successfully
modeled most of the heterogeneity in sighting probabilities
among groups. The effect of bias due to unmodeled
heterogeneity might be greater in aerial surveys where
vegetative cover is more dense or surveyed animals more
difficult to see because the magnitude of this bias in DO
analyses generally increases as the unconditional detection
probability decreases (Barker 2008).

We predicted that abundance estimated from model My
would be more precise than estimates derived from standard
sightability modeling, My, because model My draws from a

larger data set. In our surveys, approximately 17% of the
observations used to develop the model contained radio-
collared animals. Consistent with the prediction, coefficients
of variation of abundance from model M, were significantly
and substantially less than comparable estimates from model
M. The improved precision under model My could be
useful if management applications require narrow confidence
intervals or more immediate detection of temporal changes
in abundance. If My models are developed for other species
or other geographic areas, the improved precision expected
from the hybrid approach over the sightability approach will
depend on the sample size of observations included in model
fitting. The precision of the heterogeneity bias parameter
estimate is affected by the sample size of DO-S trials,
whereas the precision of all other coefficients can be
improved by increasing the sample size of all observations,
including DO observations, which continue to accumulate
with each new survey.

Applying model M, to estimate composition led to greater
ratios of bulls per 100 cows than if we had computed the ratio
from uncorrected counts. This result supports previous
conclusions that biases in bull/cow ratios may result from the
tendency for bulls to occur alone or in smaller, less easily
detected groups (McCorquodale 2001). Because we had no
radio-marked bull elk, we cannot discern if sightability
factors differed between bulls and cows independent from
the effects of group size and vegetation, although that may be
an interesting area for future research. In contrast to the
influence of sightability biases on sex ratios, we found no
discrepancies in calf-cow ratios derived from raw counts
versus those derived from any of the sightability modeling
approaches. We concluded that estimates of cow/calf
composition were relatively unaffected by detection biases
because cows and calves generally are found in the same
groups at the time of the surveys and hence are detected with
similar probabilities.

One salient benefit of recording the pattern of independent
observations by crew members is that these DO observations
can be collected during ongoing surveys. An ever-growing
data set can improve the accuracy of models fit to those data
and allows for evaluation of temporal changes in conditional
detection probabilities. Ideally, for My models to fully
address all sources of heterogeneity bias, ongoing or periodic
assessment of heterogeneity biases derived from uncondi-
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tional sighting probabilities of radio-collared groups is
desirable. However, given the expense of maintaining
functional radio-collars in populations, it may be practical
to apply My models to future surveys following a model
development period, after radio-collars have expired, as is
commonly done with Mg modeling approaches. Future
applications of the model without the use of radio-collared
animals require the implicit assumption that the heteroge-
neity bias correction is constant. This is the same limitation
inherent in Mj after model development is completed and
established models are applied in the future. Unlike Mg
models, in which all factors influencing sightability must be
assumed to remain constant, all but 1 factor in M; models
may be continuously updated and refined with additional
DO data from each survey. Only the correction due to the
implicit heterogeneity bias is not updated unless uncondi-
tional detection biases are re-estimated using radio-collars.
Importantly, the contribution of this single factor to the
correction is only a fraction of the total so any drift in
heterogeneity bias over time will result in proportionally less
error in future surveys relative to the error in Mg models.
Nevertheless, we recommend using marked animals at
regular intervals to update the calibration of the implicit
heterogeneity bias parameter.

Previous studies have highlighted the potential effects of
observer variability on detection biases (Samuel et al. 1987,
Quang and Becker 1997, Walter and Hone 2003). Because of
the number of observers participating in this multi-tribal,
multi-agency program, we were not able to model individual
observer acuity, as has been done in other studies (Nichols
et al. 2000, Schoenecker et al. 2006, Lubow and Ransom
2007, Shirley et al. 2012). Instead, we chose to allow variance
due to variable observer acuity to affect the uncertainty in
coefficient estimates for model covariates. Despite this,
the large sample size of observations led to fairly precise
estimates of abundance for the model M}, with coefficients
of variation between 4.1% and 12.7% over 9 surveys.
Moreover, assuming the range of acuities in the future is
comparable to that which led to the original data set, model
My derived from pooled observations from many experi-
enced observers may be robust to changing survey crews in
the future.

When a factor affecting detection probability is not
included in a model, the variance of beta parameters in
the model can be expected to increase, and the precision of
the resulting abundance estimates to decrease. In cases where
the percentage of groups seen from year to year is lower and
more variable than in our study (e.g., Cogan and Diefenbach
1998, 43-85%; Anderson et al. 1998, 67-80%), the DO-S
approach could be used to estimate a year effect to account
for large annual changes in detection probability. In those
cases, maintaining more radio-collared animals may be
important, so one could test models with annual variation in
heterogeneity bias.

The hybrid method recommended here is suitable for most
aerial surveys of large terrestrial wildlife species. The field
methods are only slightly more complex and generally no
more costly than for either sightability or DO methods alone.

We do recognize, however, that the analytical methods are
complex, particularly the bootstrap modeling required to
estimate confidence intervals. To date, software to imple-
ment this has been developed specifically for each study and
requires an experienced statistical analyst. Development of
generalized software to facilitate analyses of this type is an
important area for future work.

MANAGEMENT IMPLICATIONS

An unknown and variable number of animals go undetected
in aerial surveys because of detection bias. The hybrid DO-S
(M) model provides a flexible tool to adjust raw counts of
animals observed during aerial surveys to obtain more
accurate (both less biased and more precise) estimates of
population abundance and composition. Unlike raw counts,
the model also provides estimates of precision. Unlike
standard DO (Mp) models, our approach quantifies the level
of bias that comes from observer non-independence using
data from radio-telemetered animal groups. Model My is
suitable for areas where some animals are radio-marked, at
least during some initial surveys, but a larger number are
not. Model My, tends to be more precise than standard
sightability (M) modeling and less negatively biased than
Model Mp. Model My has the added advantage over model
M of accumulating data and refining the model following
each monitoring survey, continuously increasing precision
and allowing the model to track changes in sighting
probability over time.
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Table S1. Matrix of AAIC, values, AIC, model weights
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double-observer model structures (Model Mp), sightability
model structures (model M), and double-observer model
structures (model Mp) developed using elk aerial survey data
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